respect to classic region growing implementations (average values).
Introduction
Uterine fibroids are a very common pathology in females [32] , typically found during the middle and later reproductive years [23] . Depending on the severity of the symptoms, there are different approaches to treat uterine fibroids region of treatment (ROT): medication, surgically-aided methods, myomectomy, and hysterectomy.
Unlike invasive surgical approaches for uterine fibroids treatment, MRgFUS is a new, safe and effective technique for uterine fibroid treatment, which is not aggressive for the patient [13, 30] . Compared to other alternatives, the noninvasiveness of the MRgFUS technique is also associated with minimal risks and complications [4] . Moreover, no hospitalization and recovery times are required, allowing patients to return to their normal activities in only a few days. In MRgFUS treatment, performed using the ExAblate 2100 equipment (InSightec, Haifa, Israel), the sonication process brings about the thermal ablation of fibroid tissue. In fact, with focused ultrasound (FUS), it is possible to concentrate a high-intensity beam on a specific point, reaching a temperature higher than 50 °C causing protein coagulation of the fibroid tissue [22] .
During the whole MRgFUS treatment, MR image analysis and processing are required in several steps. Before treatment, some control points must be identified and selected (1) for equipment calibration, (2) for treatment Abstract Uterine fibroids are benign tumors that can affect female patients during reproductive years. Magnetic resonance-guided focused ultrasound (MRgFUS) represents a noninvasive approach that uses thermal ablation principles to treat symptomatic fibroids. During traditional treatment planning, uterus, fibroids, and surrounding organs at risk must be manually marked on MR images by an operator. After treatment, an operator must segment, again manually, treated areas to evaluate the nonperfused volume (NPV) inside the fibroids. Both pre-and post-treatment procedures are time-consuming and operator-dependent. This paper presents a novel method, based on an advanced direct region detection model, for fibroid segmentation in MR images to address MRgFUS posttreatment segmentation issues. An incremental procedure is proposed: split-and-merge algorithm results are employed as multiple seed-region selections by an adaptive region growing procedure. The proposed approach segments multiple fibroids with different pixel intensity, even in the same MR image. The method was evaluated using area-based and distance-based metrics and was compared with other similar works in the literature. Segmentation results, performed on 14 patients, demonstrated the effectiveness of the proposed approach showing a sensitivity of 84.05 %, a specificity of 92.84 %, and a speedup factor of 1.56× with 1 3 planning, and (3) for localization (using fiducial markers) of uterus, fibroids, and surrounding organs at risk (OAR). After treatment, segmentation is used to estimate the nonperfused volume (NPV) of fibroids to have a first quantitative feedback about the treated areas. A review of applications of image processing for MRgFUS treatment is presented in [18] .
Nowadays, fiducial point selection and fibroid segmentation are time-consuming and operator-dependent procedures, because they are performed manually. The dependence on the operator is a critical issue in terms of result repeatability, while a long time for planning/execution of the treatment represents a problem for the patient (who must stand still to avoid misalignment between the ROT position acquired in the planning phase and its actual position) as well as for the treatment team (which could spend its time on other treatments and tasks). Of course, in this scenario the need to reduce unnecessary stress for the patient and for the clinicians must also be considered. It is thus advisable to optimize the time required by the equipment for each MRgFUS treatment completion, and therefore, it is essential to provide a support in preparatory operations, such as image acquisition and planning phases, as well as in the therapy and post-treatment evaluation phases.
For these reasons, we present a novel method based on an advanced direct region detection model [12, 14] for automatic fibroid ROT segmentation, in order to effectively assist the operator during the evaluation phase after MRg-FUS treatment.
Related works
In this subsection, a brief overview of literature works on MR segmentation of uterine fibroid is presented. In [2] , a two-step semiautomatic method is described: An initial automatic segmentation, based on level set [35] , is followed by an interactive manual refinement (with user feedback). The authors of [7] propose an automated approach for fibroid volume evaluation from MR images. By exploiting the method described in [6] , the uterus is firstly segmented through a fuzzy c-means (FCM) algorithm from the T1w-enhanced MR dataset. Some refinement operations are applied and redundant parts are removed by masking the registered T1w MR dataset. Fibroids are then segmented by applying first the modified possibilistic fuzzy c-means (MPFCM) algorithm (a variant of the fuzzy possibilistic c-means (FPCM) approach in [16] ) on registered T2w MR images and successively by performing some post-processing operations. In [26] an approach for the automatic segmentation of fibroids by means of the watershed algorithm is presented. Some post-processing operations are applied to solve over-segmentation issues. Finally, the authors of [34] report a semiautomatic approach based on the level set, by combining the fast marching level set and the Laplacian level set methods.
This work is organized as follows: Sect. 2 describes the proposed automatic segmentation method as well as the evaluation metrics and magnetic resonance imaging (MRI) data used; Sect. 3 illustrates the experimental results obtained in the segmentation tests; finally, some discussions and conclusions are provided in Sect. 4.
Methods
In this section, the developed segmentation method is described. Moreover, the MRI data characteristics and the evaluation metrics used in the experimental tests, reported in the Sect. 3, are presented.
The proposed segmentation approach
The aim of the proposed approach is to automatically segment the ablated fibroids (ROT) that are within the uterus region of interest (ROI), in order to optimize the current methodology for MRgFUS treatment. Our approach has two phases: (1) Automatic Seed-Region Selections and (2) Uterine Fibroid Segmentation (Fig. 1) .
After MRgFUS treatment, ablated fibroids appear as homogenous hypo-intense regions with respect to the rest of the uterus (after contrast medium injection), making region growing a suitable segmentation approach. Starting from the semiautomatic multi-seed region growing approach for uterine fibroid segmentation shown in [19] (where the user must choose seed-points manually), we attempt to automate the seed selection task. Taking inspiration from [24, 25] , where a method for brain lesion segmentation in diffusion-weighted MRI is described, ROT detection is accomplished through a split-and-merge algorithm [14] in order to determine meaningful seeds. Moreover, the split-and-merge output obtained with our approach, after some refinement operations, is directly exploited as a partial result for the subsequent region growing step by implementing an incremental procedure.
Region growing is able to segment a single area at a time, since a seed must be chosen for each fibroid, in order to start the inclusion step based on homogeneity measures. For these reasons, a seed selection method based purely on intensity levels (i.e., histogram inspection) may not be completely reliable and sufficient to detect ROT in a pathological scenario with multiple fibroids, where the number of lesions is not known a priori. Therefore, a region analysis method is required to correctly detect the fibroids present within the uterus. The split-and-merge algorithm represents a good solution [17] , because it is able to find homogeneous regions in terms of uniformity criteria.
Seeds are then exactly calculated by excluding connected components located near the uterus ROI boundaries. Then, starting from the seed-regions selected by the splitand-merge approach, segmentation is achieved through a region growing procedure guided by appropriate similarity properties that describe ROT intensity features. Finally, some post-processing operations are used for refining the segmented fibroids. This smart combination of the image split-and-merge algorithm with a multi-seed region growing approach results in an advanced direct region detection model for uterine fibroid segmentation.
The proposed method operates on sagittal MRI datasets, which are mostly used in the pretreatment phase for equipment calibration and for planning as well as in the post-treatment evaluation phase, where the fibroid NPV is computed. In our case, a preliminary masking operation with the ROI is required in order to remove parts external to the uterus that are present in sagittal sections. This stage is necessary because the images processed by our method may include anatomical ambiguities. In [24, 25] , instead, coronal sections of the brain are used, which represent just the ROI located in the background.
Automatic seed-region selections
The ROI segmentation phase can be divided into three subphases, as shown in the upper part of the flow diagram in Fig. 1 , dataset normalization, region splitting and merging, and seed-region refinements.
Dataset normalization
In order to normalize intensity values of the MR images and, thus, to define a domain represented by input data with conditions characterized by a high degree of similarity, it is essential to perform some pre-processing operations. This step produces datasets characterized by a contrast range appropriate for the region splitting and merging operation. Thereby, a contrast stretching operation is applied through the global intensity transformation in (1). This linear normalization converts input intensity r values into the output values s ∈ [0, 1], i.e., full dynamic range.
where r is the initial pixel value, s is the pixel value after the transformation, and r min and r max are the minimum and the maximum input image values, respectively.
Region splitting and merging
The split-and-merge algorithm [14] is a direct region detection approach that proceeds in a hybrid way: the initial image can be alternatively subdivided into a set of disjointed regions by splitting (topdown procedure) and/or merging (bottom-up procedure) them by attempting to match the segmentation conditions in terms of the homogeneity criteria expressed by a Boolean predicate P [8] . Therefore, the split-and-merge algorithm starts with an arbitrary partition R (entire image region) and yields an output composed of uniform subregions: {R i }, i = 1, 2, . . . , n. At step (t), a generic region R i is split if uniformity measures are not respected (P(R i ) = FALSE). Therefore, the initial square image region R (whose dimensions are a power of 2) can be recursively divided into four smaller quadrants (quad-regions). The developed algorithm used for the fibroid regions detection is formalized in Algorithm 1 pseudocode box.
In this context, the most critical choice is the logical predicate P, as it is fundamental to get satisfactory outputs. In order to identify the ROT, homogeneity criteria are defined in terms of its mean value μ. By tuning different parameters, we found the following values:
In order to control segmentation accuracy, parameter ρ min sets the minimum quad-region size beyond which no further splitting is carried out. In Fig. 2a -c, we show three different results on an example input MR image shown in Fig. 2a , by varying the ρ min parameter, which must be a trade-off between precision and computational effort. The minimum region size to detect must also be considered. Output regions are represented as different connected components that are labeled with various gray levels. Better results are found with minimum block dimensions of 4 × 4 pixels, because small regions are detected too (see small fibroid that is correctly detected in Fig. 2d ). As can be seen, many splits are inevitably performed at the uterus boundaries due to the strong intensity difference between ROI edge pixels and the background, which involves noncompliance with homogeneity criteria defined by the predicate P. Thus, it is necessary to remove these connected components before seed-region calculation.
Seed-region refinements
We must improve the splitand-merge output binary image to facilitate the recognition
of fibroid regions and the related seed selections. First, loose connections between splitting and merging output and ROI edges are removed by morphological opening (more conservative than erosion) with a diamond-shaped structuring element, to easily disconnect also diagonally connected pixels among 8-neighborhood, which are very frequent in ROI uterus boundaries (Fig. 2e) . Diamond-shaped structuring elements give satisfying results even with vertical/horizontal edges and are preferred to squared or circular filters when object boundaries are roughly in the diagonal direction [29, 31] .
The remaining parts at ROI edges must be cut out before seed selections through a connected component labeling procedure using a flood fill algorithm [5] . In fact, we calculate the pixel intersection (logical product) between each connected component and the dilated ROI edge image, using a squared structuring element. Constraints on the cardinality of this intersection are defined according to the different granularity of the various connected region areas, in order to consider the occurrence of large fibroids situated at the ROI boundary. Hence, the current analyzed connected component is included in the output binary mask only if the control is matched; otherwise, it will be rejected (Fig. 2f) .
The splitting and merging output, besides being used for ROT detection, is thus exploited as an initial result for the subsequent fibroid segmentation through the region growing algorithm, making it possible to optimize execution time.
Multiple uterine fibroid segmentation
As illustrated in the lower part of the flow diagram in Fig. 1 , this phase can be divided into three stages: pre-processing, adaptive multi-seed region growing segmentation, and post-processing. The region growing algorithm is thus used to perform segmentation of ablated fibroids after MRgFUS treatment. Datasets, after the normalization step (Sect. 2.1.1.1), are used as input in order to confine ROT segmentation inside the uterus during the region growing execution, when leaking occurs (over-estimation of fibroid size) in the case of poor contrast images [21] .
Pre-processing
Input images for the ROT segmentation process are enhanced by performing a smoothing operation through an average filter with a 3 × 3 kernel, so as to reduce acquisition noise and consequently to make image regions more homogeneous. In some cases, region growing will proceed with a more regular trend, and its output will be characterized by smoother contours.
Adaptive multi-seed region growing segmentation
Region growing is a bottom-up segmentation method that produces a homogeneous region by successively merging primitive regions (subregions or also single pixels) [11, 12] . Therefore, the region growing algorithm starts from seed values and attempts to find a local connected region depending on given homogeneity criteria [25] .
Since the traditional region growing approach is able to perform segmentation of a single area only, when the currently examined patient can be affected by more than one fibroid, it is necessary to implement a multi-seed region growing segmentation. As mentioned before, in a basic seeded region growing algorithm, each region begins its own growth from a seed. Therefore, the initial set of seeds Σ = {s 1 , s 1 , . . . , s n } must be a representative and expressive sample of the region to segment. Since seed choice affects overall segmentation results, this task is fundamental and very critical [1] .
Another issue is the stopping rule formalization. In fact, the region growing procedure must be interrupted if no more pixels match the membership criterion [12] . The inclusion in a region can be stated in terms of a segmentation threshold θ, which specifies the maximum allowed deviation of pixel features within that region. Therefore, segmentation threshold θ is a region-dependent parameter that guides the homogeneity decision test [3] . These criteria can be local (i.e., pixel intensity) or region descriptor-based (region shape or size and likeness between a candidate pixel and the current grown region in terms of image features) that are more powerful because they take into account the "history" of region growth when some a priori knowledge about the region is available.
As explained in [1] , to prevent a poor starting estimate, it is recommended that seed-regions be used instead of single pixels (seed-points). In fact, when dealing with noisy image segmentation, each seed-area should be sufficiently large to ensure a stable estimate of its region's mean. Moreover, these seed-regions are used as input for the region growing incremental process, exploiting the previous splitand-merge segmentation results.
The developed region growing algorithm is explained in Algorithm 2 pseudocode box.
The algorithm proceeds by considering one seed-region at a time, which identifies a single region growth. The current region R G is iteratively grown by analyzing all unallocated pixels belonging to the boundary list B, obtained by considering 8-neighborhoods as candidate pixels. As stated in [19] , region growing is ruled by three conditions concerning the examined pixel p B ≡ (x,ȳ):
• p B is inside the image I (M × M size);
• p B has not already been included in R G ;
• p B value satisfies similarity criteria based on the segmentation threshold θ in terms of the region mean inten-
These constraints can be more formally expressed by the membership predicate in (3): 
Similarity criterion is thus defined in terms of absolute distance from the region mean intensity µ R G , which is the most representative property in images with speckle noise (random granular pattern), such as MRI [10, 15] . Moreover, the seed-regions Σ accurately estimate mean intensity for each growth region R G .
The value of µ R G , the region mean intensity, is also exploited for the automatic and unsupervised estimation of the segmentation threshold θ, because the manual selection of a single threshold, suitable for all datasets, could be time-consuming and error-prone. In fact, since normalized images are characterized by a bimodal histogram, an optimal threshold T opt can be selected through the Otsu method [20] that attempts to maximize the interclass variance between two regions with different intensity values. The adaptive threshold θ (t) adaptive is defined as:
and it is updated during each iteration (t), by estimating the corresponding average value µ (t) R G while the region grows. In this way, a different stopping rule is defined for each growth region R G by calculating an adaptive segmentation threshold θ for each fibroid in multi-fibroid pathological contexts.
In the initialization step, morphological erosion on the binary mask B SM (split-and-merge output after refinement operations) is necessary avoid that boundary points of seedregions which are eventually outside the ROT, resulting in leaking during the region growing process. Furthermore, seed-points e j are determined sampling one of every five edge pixels from array δ to prevent the overlap between the 8-neighborhoods of adjacent edge pixels. Figure 3 shows some examples of the incremental process results. It is visible as most of the ROT has already been detected and successfully segmented by the split-and-merge algorithm.
The use of seeded region growing, described in [3] , requires seed-points for both fibroids and the rest of the uterus. In fact, the entire image is divided into a set of disjoined homogenous regions, achieving a tessellation similar to the watershed algorithm [27, 33] . This mechanism is more computationally expensive in terms of homogeneity tests (uterus region growth in addition to fibroid segmentation) and the need of a selection policy when a given pixel would be assigned simultaneously to several regions during the growth process. Moreover, small dark areas (due to acquisition artifacts) could be present in post-treatment images, invalidating the overall segmentation process.
Post-processing
Since, at times, due to a wrong automatic seed selections, some regions not belonging to the ROT could be segmented, we provide some post-processing operations to avoid this possible issue. Fibroids have a spherical or semispherical appearance. Considering this characteristic, after connected component labeling execution on the region growing output image, their particular shape is definable in terms of two connected component features: eccentricity (ratio between the foci distance related to an ellipse and its own major axis length) and extent (ratio between the pixels belonging to the region and the bounding-box pixels). In particular, experimental values of these properties, used to discern fibroids from the rest of connected components, are:
In this way, in the presence of not-good-quality datasets, possible errors (bad seed-region choice or leaking during region growing) will also be managed, making the proposed approach even more robust.
Finally, the ROT is refined through an appropriate post-processing filtering. First of all, morphological closing (with a circular structuring element) is applied to obtain a smoother ROT contour. Although pre-processing image enhancement (Sect. 2.1.1.1) reduces intensity (5) 0.4 ≤ extent < 0.9 0.0 < eccentricity < 0.9 discontinuities, it cannot always manage to completely eliminate non-uniformities that may cause holes inside segmented fibroids. This problem has been solved by applying a hole-filling algorithm, based on morphological reconstruction [28] .
Dataset description
The MR images, used to develop and test our method, were acquired with a Signa HTxt scanner, manufactured by General Electric Medical Systems (Milwaukee, WI, USA). The 14 MRI input datasets are T1-weighted sagittal sequences acquired using the "FSPGR + FS + C" (Fast Spoiled Gradient Echo + Fat Suppression + Contrast mean) protocol and encoded in 16-bit Digital Imaging and Communications in Medicine (DICOM) format. All the slices of the examined datasets have a 512 × 512 pixel matrix, 5.0 mm thickness, and 6.0-mm spacing between slices. The average age of the examined patients is 42.36 (33÷55 years).
The research associated with the treatment of uterine fibroids was approved by the ethics committee and has no implication on patient treatment. The proposed image analysis and segmentation are performed off-line and therefore do not change the current treatment protocol.
Evaluation metrics
To assess the effectiveness of the proposed approach, several comparative measures between the automatically segmented ROT, obtained by the proposed method, and those manually drawn by an experienced radiologist (considered as our gold standard) are provided. Supervised evaluation (empirical discrepancy methods [36] ) is used to quantify the quality of the segmentation approach [9] .
Area-based metrics
Area-based metrics compare automatically segmented regions (R A ) with the real measurements (manually segmented regions by the expert, R T ). For this purpose, the region containing "true positives" (TP), "false positives" (FP), and "false negatives" (FN) are respectively represented by the following Eqs. (6), (7), and (8):
The following indices are defined:
• • Sensitivity indicates the correct detection fraction:
•
• Specificity measures the capacity of not detecting incorrect parts within the automatically segmented region:
• where F P = |R FP |/|R A | defines the wrong detected portion (false positives).
• False positive ratio (FPR) denotes the presence of false positives with respect to the reference region:
• • False negative ratio (FNR) is dually defined as:
•
• False region ratio (FRR) indicates the ratio of false regions automatically segmented with respect to the "true" region:
Distance-based metrics
Area-based metrics depend strongly on region size and are not always able to evaluate the precision of a segmentation approach. It is, therefore, necessary to quantify the distance between the automatically generated boundaries (defined
by the vertices A = {a i : i = 1, 2, . . . , K}) and the manually traced boundaries by the expert (T = {t j : j = 1, 2, . . . , N}). The distance between a pixel belonging to the ROT contour calculated by the proposed method and the set T is defined in Eq. (16):
At this point, for each image, several measures can be defined:
• Mean absolute distance (MAD) quantifies the average error in the segmentation process:
• Maximum distance (MAXD) measures the maximum difference between the two ROT boundaries:
• • Hausdorff distance (HD), distance between the set of vertices A and T:
• where h(T , A) = max t∈T {min a∈A {d(t, a)}} and
Results
For all patients, area-based metrics and distance-based metrics were computed with a slice-by-slice comparison and performed on each slice having a fibroid area. Figure 4 shows four segmentation examples where it is possible to see that our approach is able to correctly segment fibroids characterized by very different intensity values, dimensions, and shapes.
To quantify the efficiency of the proposed method in terms of execution time, the (sequential) implementation of the proposed incremental region growing approach is compared with a classic multi-seed region growing implementation (where a single seed-point is defined for each fibroid by calculating centroids of detected regions in Phase 1). The suggested method was developed and tested under MATLAB, on a PC with a 2.8 GHz Intel Core i5 processor and 8 GB RAM. In particular, obtained segmentation times,
averaged on all MR input images, are T RG = 0.2052 s for classic region growing and T SMRG = 0.1313 s for the proposed region growing combined with the split-and-merge algorithm. The achieved speedup factor is:
In conclusion, mean execution time for the proposed method is less, although it also includes, unlike the classic region growing, erosion and edge detection operations. Table 1 reports the values of area-based metrics achieved in the experimental ROT segmentation tests. SDI and JI indices demonstrate high segmentation accuracy. Indeed, the proposed method detects "true" areas correctly, since SP values are larger than SE. This observation is corroborated by FPR and FNR values. Moreover, the method is able to correctly detect the absence of fibroids within the uterus, returning a null ROT image and providing a specificity gain. Table 2 shows distance-based indices achieved by the segmentation trials. Quantitative contour differences are consistent with area-based metrics values and extremely sensitive to outliers. These outcomes demonstrate the reliability of the proposed approach even when datasets are affected by acquisition noise or aliasing. Moreover, good performances are also found with poor contrast datasets or fibroids characterized by irregular shapes.
Furthermore, in Table 3 a comparison of volumes extracted manually by an expert radiologist and by the proposed automatic approach is shown. For each dataset, the absolute error is calculated and, finally, the average error for all examined datasets is reported.
In Table 4 the experimental results of the main literature approaches (described in Sect. 1.1) are reported. To perform a valid comparison with the related works, besides to reporting average evaluation data as they appear in each paper, we implemented and tested the following two literature segmentation approaches: interactive level set [2] , and modified possibilistic FCM [7] . Table 5 compares the results obtained, on our 14 MRI datasets, by the proposed method against the aforementioned literature approaches. Average values for memory consumption (evaluating MAT-LAB Workspace dimension) and execution time (using the MATLAB Profiler tool) were also calculated.
Discussion and conclusions
In this paper, a novel method based on direct region detection for the automatic segmentation of uterine fibroids after MRgFUS treatment is proposed. Since the current clinical protocols implement only manual solutions to set fiducial markers and segment the treated fibroid area, the developed method could address and overcome some typical
issues and limits of manual segmentation approaches. Consequently, the proposed approach can enhance the overall current treatment methodology, supporting the healthcare operators. In order to enable automatic multiple fibroid segmentation, split-and-merge and region growing algorithms are combined. As a result, the whole fibroid segmentation process is more robust than the single seed-point region growing procedure. Segmentation accuracy has been demonstrated using area-based and distance-based metrics. Mean sensitivity and specificity are 84.05 % and 92.84 %, respectively. In addition, the average error between manually extracted and automatically calculated volumes is only 3.20 cm 3 . The overall process thus makes it possible to detect fibroid areas and exploit this partial segmentation result, given by the split-and-merge algorithm, as initial input (seed-regions) of the subsequent adaptive multi-seed region growing procedure. The adaptive threshold segments fibroids, characterized by different intensities, even in the same image. A sequential implementation of this incremental procedure reduces the segmentation time with a 1.56× speedup factor, when compared to the traditional multiseed region growing approach (developed with a single seed-point selection for each fibroid) [19] .
Although every work reports only area-based metrics, we also wanted to bring distance-based indices, in order to highlight (in addition to the difference between the segmented areas) the distance between the respective ROT edges. The goodness of our method was also evaluated in terms of memory consumption and execution time. Although achieved values are comparable with the MPFCM approach [7] , our segmentation performance is better. Furthermore, the level set approach (proposed in [2] ) shows good segmentation results, but its execution time is too long.
The proposed method, combining well-known segmentation approaches in a smart and efficient fashion, detects and delineates uterine fibroids by using automatic algorithms and adaptive techniques. Although some parameters are fixed, the method is robust, also when variations of values occur. The parameter range was initially defined, by using appropriate values from the literature, and then validated in the experimental trials. Considering these characteristics, the developed method could be used as a Medical Decision Support System, integrated in the current MRgFUS management software. The proposed solution may provide a valid support to healthcare operators (physicians or radiologists), improving the current operative methodology in terms of segmentation accuracy, result reproducibility, and execution time. Moreover, although the proposed approach is semiautomatic, it is capable of segmenting low-contrast MR images, thus reducing operator dependency. Table 5 Comparison between the proposed method and the implemented approaches proposed in [2] and [7] Bold values indicate result obtained from the proposed method 
